T he development and use of nanotechnology results in the release of engineered nanoparticles (ENPs) to the environment (1, 2) . Much effort in current research is put into assessing the environmental risks of ENPs, which requires the understanding of the fate and distribution of ENPs in different environmental media, as well as their potential toxicity (3) (4) (5) (6) . Dissolved organic matter (DOM) (e.g., humic substances, polysaccharides, and proteins) is ubiquitous in aquatic systems and is known to interact with ENPs and modify their surface properties (7) . DOM has been shown to either stabilize or destabilize aqueous ENP suspensions, depending on DOM properties and medium composition (8, 9) . The effects of DOM on the stability of ENP suspensions are expected to strongly influence the mobility and distribution of ENPs in the environment (10) .
The extraordinary variability in DOM effects on ENPs originates from the fact that the interactions between DOM and ENPs depend on numerous interrelated factors, such as pH and ionic strength of the media, the particles' surface properties and size, and the chemical composition and concentration of the DOM (11) . Some types of DOM, such as fulvic and humic acids, electrostatically stabilize ENPs via the adsorption of the electrically charged DOM on the ENP surface (12) (13) (14) (15) (16) , where the strength of the stabilization is correlated (although not linearly) with the amount of DOM adsorbed (17) and varies with its chemical structure (11, 12, 18, 19) . In other settings, particularly in the presence of divalent cations, DOM such as polysaccharides and polypeptides enhances the aggregation of ENPs by forming bridges between the particles (20) (21) (22) (23) (24) .
The complexity and high diversity of the interactions between DOM and ENPs makes it very difficult to predict the effect of DOM on ENPs in aqueous dispersions (25, 26) . Louie et al. (25) proposed to use empirical correlations between the different experiments as an alternative to a first-principles mechanistic approach. To achieve this goal, the authors called for, among others, a broader variety of the DOM and ENP types used in the experiments (25) . The need for higher diversity of materials has also been expressed by others (26, 27) : Philippe and Schaumann (26) reviewed a large body of experimental work regarding the effect of DOM on ENP and colloids and pointed out that a rather small number of DOM types (mainly humic substances) dominates the experimental settings, which indicates a need to study new DOM types (26) . However, the diversity of materials
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(i.e., the number and range of different DOM-ENP combinations studied) was not explicitly addressed and reasons for the current low diversity were not discussed.
In response to this call for higher diversity of the materials studied, we set out to explicitly determine the diversity of ENPs and DOM investigated. Like Philippe and Schaumann (26) , we consider DOM effects on both ENPs and larger particulate matter (PM) and use the term PM to denote particles in the nano-and micrometer range. We define diversity as the ratio of the different DOM-ENP combinations studied vs. the number of experiments conducted. We maintain that higher diversity of PM-DOM combinations is a necessary condition for a better mechanistic understanding of the interactions between PM and DOM.
However, it is important to keep in mind that high diversity of materials alone is not sufficient. Other aspects of diversity such as investigations of the same PM-DOM combination under different conditions are not covered by our definition of diversity, which focuses on the diversity of the materials.
High diversity of the PM and DOM types offers an additional benefit. Because of the high complexity of DOM-PM interactions, it will be useful to use nonmechanistic approaches to elucidate relationships between experimental conditions and the fate of ENPs, as suggested by Louie et al. (25) . For example, machine learning methods can be used to infer such relationships and develop so-called "empirical models" (28) . Two requirements for the development of empirical models are consistency (i.e., all data points have the same set of descriptors that were measured by comparable methods) and diversity (i.e., the dataset contains a broad range of values for each descriptor). Consistency enables the inclusion of all information in a coherent manner, and diversity provides that the inferred correlation accounts for a wide range of experimental settings. Therefore, sufficient diversity of the DOM and ENP types studied is needed as a basis for empirical models of the interaction of ENPs with DOM.
One striking feature of the experimental field of PM-DOM interactions is the huge number of potential DOM and PM combinations that can be studied, which makes it difficult to obtain, through a literature search, an overall description of the untested DOM-PM combinations and of the frequency of already studied ones in the published experiments. In response to this combinatorial challenge, we present here a perspective that quantifies the diversity of the DOM-PM combinations in a large set of experiments studying the effect of DOM on PM in aquatic media. We organize the different types of PM and DOM in a network, which makes it possible to visualize and quantify the overall diversity of materials by analyzing the topological features of the network. With this approach, we identify (i) a long-term decrease in the materials' diversity over the last 25 y; (ii) significantly more experiments that do not explicitly consider the PM's initial coating vs. ones that do, which is contrary to recent recommendations that call for the assessment of PM fate in the context of the particles' life cycle, which often includes stages where the materials are coated; and (iii) dominant employment of DOM from fresh water origin and infrequent use of DOM from other environments (e.g., soils and sediments).
Our analysis provides explanations of the discrepancy between the repeated call for an increase in materials' diversity, on the one hand, and the ever increasing number of published experiments, on the other hand. In particular, our results indicate a "lock-in" effect in the choice of materials (i.e., a positive reinforcement of the choices of DOM and PM in new experiments according to combinations already studied). Finally, our analysis allows researchers to identify the combinations of materials studied and their prevalence in the experiments and, thereby, provides a basis for the planning of future experimental efforts.
DOM and PM Categorization
First, we constructed a database of DOM and PM that were studied in combination. The identities of the DOM and PM were obtained from experimental studies that investigate the effects of DOM on inorganic PM in aquatic media and were published between 1977 and 2015. Here, we consider an experiment as a pair of DOM and PM studied in combination. For example, a publication that separately studied the effect of river humic acid and alginate on TiO2 for different pH values and ionic composition contains two experiments: one for "river humic acid-TiO2" and another for "alginate-TiO2." In total, our database contains 951 experiments from 271 peer-reviewed publications that used 94 different PM types and 133 different DOM types.
Here, we differentiate between three groups of DOM in the database: (i) group 1 DOM consists of isolates from environmental samples such as humic substances and hydrophilic acids, which are mixtures of various substances and only characterized in terms of averaged properties (48 DOM types); (ii) group 2 DOM consists mostly of individual substances such as synthetic polymers, low-molecular-weight ligands, isolated proteins, and polysaccharides (68 DOM types); and (iii) group 3 DOM contains whole-water samples such as lake water, river water, and sewage treatment plant effluents (18 DOM types). Group 1 DOM, in particular humic substances, are frequently used in PM-DOM experiments (537 of the 951 experiments) and, at the same time, difficult to characterize. Therefore, we focus on this group in the following.
In the absence of a consensus regarding the extraction and characterization methods for group 1 DOM (29) , and lack of consistency in the reported properties (SI Appendix, Consistency of Reported DOM Parameters), a DOM categorization fully based on chemical composition or chemical properties is not currently feasible. Therefore, in most cases, we characterize the group 1 DOM in our database as either unfractionated DOM, humic acid, or fulvic acid and in addition in terms of the environmental sources from which they were sampled (i.e., river, soil, peat, etc.).
In a next step, we add information on chemical composition, which is possible because humic substances from similar sources often tend to have similar chemical composition, carbon distributions, and molecular weight distributions (14, (30) (31) (32) (33) (34) (35) (36) . Below we investigate this relationship between DOM source and DOM properties in more detail.
DOM properties that correlate with the type and extent of DOM-PM interactions and are, therefore, relevant here include molecular weight, aromaticity, aliphaticity, and carbonyl content (16, (37) (38) (39) .
Here, we focus on aliphatic, aromatic, and carbonyl carbon content estimated from solid-state 13 C-NMR spectra. This method is often used to characterize humic substances (35, 40) . Solid-state 13 C-NMR spectra are readily available for most humic substances provided by the International Humic Substances Society (IHSS) (www.humicsubstances.org).
To investigate the relationship between the environmental sources of group 1 DOM and their carbon composition, we compiled a set of 80 different samples of group 1 DOM along with data on their content of aromatic carbon, aliphatic carbon, and carbonyl carbon. To increase the diversity of this set, we used the group 1 DOM from our database in combination with additional types of group 1 DOM (Dataset S2). We then performed a principal-component analysis (PCA) to map the 80 DOM types onto the 2D space spanned by the first to principal components (PCs). An earlier PCA study of the 13 C NMR spectra of 8 DOM samples discussed the differentiation between humic and fulvic acids but not the relationship between carbon distribution and the environmental sources of the DOM (41) .
The first two PCs explain 99.9% of the variability in the carbon composition of the DOM samples analyzed. The first PC (denoted PC1) is a linear combination of the aromatic carbon and carbonyl carbon contents in relationship to the aliphatic carbon content (PC1 weights: 0.67, 0.57, and 0.47 for aliphatic, aromatic, and carbonyl carbon, respectively). The second PC (denoted PC2) is the difference between carbonyl carbon content and aromatic carbon content (PC2 weights: 0, 0.59, and 0.81 for aliphatic, aromatic, and carbonyl carbon, respectively) (SI Appendix, Annex A).
The first two PCs, therefore, divide the space of group 1 DOM carbon distribution into four quadrants (quadrants a-b in Fig. 1 ). Fig. 1 shows for each quadrant, derived from the DOM that falls into the quadrant, the distributions of aliphatic (red), aromatic (green), and carbonyl (blue) carbon.
Based on the PC weights listed above, DOM samples with a high PC2 score have low aromatic carbon content (often less than 20% of total carbon), which is similar to their content of carbonyl carbon. These materials belong to quadrants a or b. DOM that falls in quadrants c or d has a low PC2 score and is characterized by high content of aromatic carbon (mostly above 20% and up to 60%). Finally, DOM samples that score high in PC1 have high aliphatic carbon content (more than 50%), and therefore fall in quadrants b or c.
The distribution of all 80 group 1 DOM samples in the 2D space spanned by the first two PCs is depicted in SI Appendix, Fig. S6 . Most aquatic DOM has relatively low aromatic carbon content and either low or high aliphatic carbon content (quadrants a and b). More specifically, all river fulvic acids share similar fractions of aliphatic, aromatic and carbonyl carbon, which agrees with earlier findings (35) Fig. 1 . Distributions of aliphatic, aromatic, and carbonyl carbon content in the four quadrants defined by the first two PCs, based on 80 group 1 DOM samples in total. "High" and "low" in the following are relative terms and specific to each type of carbon. Quadrant a is low content of both aliphatic and aromatic carbon and high content of carbonyl carbon. Quadrant b is low aromatic carbon and high carbonyl and aliphatic carbon content. Quadrant c is low content of carbonyl and aliphatic carbon and high content of aromatic carbon. Quadrant d is high content of aliphatic and aromatic carbon and low content of carbonyl carbon. In each quadrant, the percentages indicate how many DOM samples belong to the different types of environmental DOM sources.
specifically, have a high aromatic carbon content and therefore show up in quadrants c or d. Some soil samples, primarily fulvic acids, have carbon distributions similar to that of aquatic DOM and are found in quadrants a and b. Extraction and purification processes of soil DOM are a potential cause to this large variability in its carbon composition (35, 42) , but natural heterogeneity can also be a cause. Overall, humic substances show important differences in their carbon distribution. In experiments with PM, humic substances should be chosen in such a way that they actually reflect the type of environment that is in the focus of the experiment. In conclusion, our analysis allows us to differentiate between several group 1 DOM categories with substantially different fractions of aromatic, aliphatic and carbonyl carbon. We will use these categories (and DOM subgroups within the categories) to characterize the diversity of the group 1 DOM, such as humic substances, investigated in experiments with PM.
Regarding PM, the focus of the experiments is often materialspecific [e.g., fate of TiO2 (43)]. Accordingly, the PM types in our database are defined by the chemical composition of both the core material and the coating (e.g., citrate-coated silver, silver, and titanium dioxide). Additionally, we also interpret the results of the analysis in terms of broader PM groups based on the core material (e.g., metal, metal oxide, metal sulfide, etc.). The complete list of DOM and PM used in the experiments and the respective references are given in Dataset S1.
Organizing the Experimental Data in a Network
In our analysis of the diversity of the PM-DOM combinations studied, the experimental field needs to be represented as a coherent entity. Such a representation can be attained by connecting the different types of DOM and PM that have been investigated in a network [i.e., a single structure that represents connections (links) between pairs of objects (nodes) (44) ]. Here, we say a certain DOM and PM are connected by a link if they were studied together; the link's weight equals the number of experiments studying the connected DOM and PM (note that these experiments may still use different conditions of other parameters such as pH, ionic strength and ionic composition). The network is bipartite, which means that connections are allowed only between objects of different type (45) , here DOM and PM. Fig. 2A shows the network derived from a set of 951 experiments with 94 PM nodes and 133 DOM nodes. In Fig. 2A , the sizes of nodes is proportional to the number of counterparts a given material was studied with (e.g., the size of a PM node type is proportional to the number of DOM types the PM was studied with). The empirical network is called "complex" because it contains topological features absent from random networks of the same size (46) (SI Appendix, Table S3 compares basic properties between the empirical and random networks, in which each DOM-PM combination is linked with a fixed probability).
Network Topology
Two important features of the empirical network are central nodes that have a large number of links ("hubs") and relatively isolated, star-like shapes ("stars") (the central and peripheral regions in Fig. 2A, respectively) . These features reflect different types of experimental studies. Hubs (central nodes in Fig. 2A) A B C correspond to well-studied materials that are frequently investigated in combination with new materials (e.g., Fe2O3, TiO2 and Sigma-Aldrich humic acid). The presence of star-like shapes is quantified by the network's negative degree assortativity, which means that the correlation between the number of links of neighboring nodes is negative (SI Appendix, Table S3 ). Materials forming the centers of stars were studied in combination with many others (edges of the stars), which in turn were studied mainly or exclusively with the central material. Stars indicate the introduction of new combinations of materials that were rarely studied in other experiments (e.g., lake humic acid, wetland total DOC, and CuS). If materials are selected for new experiments that lead to hubs or peripheral stars, then the overall materials' diversity increases, because new links are added to the network. It remains unclear, however, whether the call for an increase in the materials' diversity intends to promote the systematic investigation of selected and well-studied materials with new counterparts (hubs), or whether the need is for general expansion of the network by using completely new materials (peripheral stars). The simultaneous presence of hubs and stars in the empirical network is reflected by the right-skewed degree distribution, which reflects the distribution of the number of material types with which each material was studied (see Fig. 2B ).
The diversity of the experimental field increases with the number of DOM-PM combinations studied. In the empirical network, diversity is reflected by the density of the links (i.e., the fraction of existing links out of all possible links). The density of the empirical network is 4.3%, which means that 4.3% of the possible DOM-PM combinations (535 of 12,502 possible ones) have been studied in one or more experiments. However, some experiments study the same combinations of DOM and PM. Had each experiment studied a different DOM-PM combination (i.e., all links have a weight of 1), the overall number of links in the network would be the total number of experiments, which results in a density of 7.6% (951 DOM-PM combinations of 12,502 possible ones). The network's density is specific to the empirical network presented here, and addition of new materials (i.e., nodes) will result in a network with a different structure and density.
Because the number of experiments studying a given DOM-PM combination is the weight of the link connecting the two materials, high diversity of DOM-PM combinations studied will yield links with weights of 1 (under the assumption that the number of experiments is lower than the number of DOM-PM combinations). On the other hand, low diversity will result in links of higher weights. In our empirical network, most links have low weight, but there are a few links that have substantially higher weights (up to 13). The resulting right-skewed distribution of link weights (Fig.  2C) indicates that the topology of the empirical network is the result of two opposing trends in the choice of materials.
It is desirable that any given DOM-PM combination will be studied under different conditions by different researchers (i.e., the link connecting the given DOM and PM will have a weight >1). However, the fact that most links have a weight of 1 means that only a handful of DOM-PM combinations undergo such a more detailed investigation. For example, of the 951 experiments in our database, soil fulvic acid and Fe2O3 were studied only once, whereas river humic acid in combination with citratecoated silver was studied in 13 experiments.
Not all DOM types in the empirical network have the same environmental abundance (e.g., humic substances vs. proteins). To test the effect of different DOM types on the structure of the network, we built a "reduced" network only from experiments that use humic substances as DOM. Importantly, this reduced network has similar properties as the full empirical network. Particularly, both the full and the reduced networks are sparse (i.e., have low density), have a similar topology (i.e., core-periphery structure with hubs and star-like regions), and share many of the central nodes (SI Appendix, Table S4 and Fig. S10 ). Therefore, the reduced network reflects similar trends in the choices of materials as the full network, and the properties of the full network are not caused by mixing DOM types of different environmental abundance and relevance.
Network Evolution from 1990 to 2015
Here, we investigate how temporal changes in the diversity of materials shape the global structure of the empirical network.
To this end, we compare the empirical network to two simulated networks that exhibit either high or low diversity, and track their structural changes over time.
The simulated networks were obtained by replacing in each publication in our database the DOM-PM combinations that were actually studied by DOM-PM combinations that were selected according to two rules: To obtain a network that exhibits low diversity, for each publication a DOM-PM combination was chosen that repeats one of those mentioned in the references cited in the publication. Correspondingly, choosing DOM-PM combinations different from the ones used in the cited references of each publication (by sampling uniformly at random from all combinations not studied in the cited references), resulted in a network with high diversity. We simulated 1,000 networks in each year for each network type (i.e., low-and high-diversity networks).
The simulated and empirical networks differ by the number of nodes and links as well as link weights. Because low diversity implies that over the years fewer DOM-PM combinations are studied, the corresponding network is smaller than the one exhibiting high diversity. In the high-diversity case, the network is constantly expanded by the introduction of new materials. The only quantity that is conserved across all networks is the total sum of link weights (i.e., the number of experiments performed in each year), which is used as a basis of comparison between the empirical and simulated networks: to compare the diversity of the networks, we measure how many DOM-PM combinations were studied compared with the number of experiments performed up to a given year. Accordingly, we define a diversity index, D comb,i , as:
where i counts the years and n comb,i and nexp,i are the number of DOM-PM combinations studied and the number of experiments, respectively, in all years from 1990 to year i. When the diversity is maximal, each experiment studies a different DOM-PM combination and D comb,i takes the value of 1. A decrease in D comb,i indicates that the number of combinations studied compared with the total number of experiments decreases. The minimum value for D comb,i is 1/nexp,i , which corresponds to the case where all experiments up to year i studied the same combination of materials. Similarly, we define a diversity index for each class of material, DOM and PM:
where nmat,i is the number of different types of DOM or PM studied in all years from 1990 to year i. All simulations started from the empirical network in 1990 (Fig. 3A, network 1) . As can be seen in Fig. 3A , in the networks with high diversity D comb increases with time (network 2); when the diversity is low (network 3), D comb primarily decreases with time. After 2007, there is a strong increase in the number of experiments per year (see bars in Fig. 3 B and C) , which correlates with a clear decrease in the D comb of the low-diversity network (lower series of boxplots in Fig. 3A) . In contrast, for the high-diversity network the number of experiments per year has almost no correlation with the D comb values (upper series of boxplots in Fig. 3A) . The reason for this finding is that the highdiversity network quickly approaches a high D comb value, and new DOM-PM combinations increase both the numerator and the denominator in Eq. 1 and D comb does not change much. The maximum value of 1 is not observed because at the starting point of the simulations (in 1990) several experiments already studied the same DOM-PM combinations. The boxplots represent the range of D comb for each year, obtained from the 1,000 simulated high-and low-diversity networks (for a detailed discussion, see SI Appendix). The D comb of the empirical network (network 4 in Fig. 3A ) decreases over time, however, not monotonously. Numerous factors influence the choice of materials (e.g., scientific interest and preferences of individual scientists, established scientific collaborations, trends in the field, costs and availability of materials, etc.), which results in the study of both new combinations and combinations studied before. Accordingly, the D comb of the empirical network shows alternating periods of increase and decrease. Still, the significantly negative slope of a linear regression line fitted to the D comb values (see Methods section) indicates that it is mainly a trend toward lower diversity of the materials studied that has shaped the structure of the experimental field over the last 25 y.
We performed several tests to check how stable the decreasing trend in D comb is. Specifically, we analyzed how D comb is influenced by potential missing publications in our database (e.g., not retrieved in the publication search), and by finer or coarser definitions of the DOM types. The decreasing trend in D comb was stable in both tests: the decreasing diversity was also observed under random perturbations of the publications in our database, which we used to simulate the effect of missing publications. Decreasing diversity is also shown by the red band in Fig. 3A , which shows the influence of finer and coarser definitions of the DOM types on D comb . For a detailed discussion, see SI Appendix, Resilience of the Experimental Network.
In conclusion, the observation of an overall decrease in the D comb holds for a wide range of possible definitions of DOM types. Therefore, the decrease in diversity is unlikely to be an artifact of the DOM categorization scheme used.
In Fig. 3 B and C, temporal changes in the material diversity index (Dmat) are depicted separately for DOM and PM, respectively (y axes on the left). For DOM, Dmat decreases over the entire period. In contrast, the decrease in PM diversity slows down after the year 2000. In the early 2000s, calls were made to assess the potential risks of nanotechnology (3, 47), which were followed by extensive research aimed at evaluating the fate of ENPs in the environment (48) . Because these ENPs are more diverse (e.g., in terms of their surface properties and morphologies) than natural PM, ENP research introduced some additional diversity into the experiments. Thus, the overall decrease in the diversity of the experimental field is likely due to the constant decrease in DOM diversity.
There are several plausible explanations for the observed decrease in D comb ; from the perspective of an individual scientist, low diversity between the experiments might be of a minor concern or is even desirable (e.g., for the purpose of reproducibility of experiments). The overall diversity and its importance is only evident when the entire experimental field is assessed as a whole. Therefore, the decrease in diversity may arise from the discrepancy between the individual and the collective perspectives. Additionally, even when individual researchers aim at studying new DOM-PM combinations to increase the diversity, the large number of possible DOM-PM combinations makes it difficult to assess (based on published experiments) which additional DOM-PM combinations should be investigated. Another possibility is that the increasing occurrence of certain materials used in the experiments may result in the perception of these materials as standards, creating drift toward the use of these materials in a positive feedback process.
The last period (2012-2015), which displays a decrease in D comb for the empirical network (Fig. 3) , is of special interest because the number of experiments carried out in this period comprises about 46% of the total number of experiments analyzed here (442 of 951). We will therefore analyze the origin of the decreasing trend, in particular in the last years, in more detail in the following section.
Systematic Trends in Experimental Designs Explain the Reduction in the Diversity of Materials
Here, we investigate the temporal trends and frequency of use of specific materials, first for DOM and then for PM. Fig. 3B shows that the various DOM types used in the experiments in recent years originate mainly from whole-water samples (e.g., lake water, river water, sea water, etc.; group 3 DOM) (orange parts of the bars in Fig. 3B ) and from group 1 DOM sampled from river water (blue parts of the bars in Fig. 3B ). The focus on group 1 humic substances from river water has become more pronounced in 2010-2015 and the fraction of experiments with group 1 DOM from other environment types such as peat, soil, seawater, and coal, has correspondingly decreased (purple part of bars in Fig. 3B ; also see SI Appendix, Fig. S3 B and C, where the groups of DOM are shown in more detail than in Fig.  3B ). Other relevant parts of DOM visible in Fig. 3B are Aldrich humic acid (red parts of the bars) and group 2 DOM such as alginate (green).
The river DOM shown in blue in Fig. 3B mostly belongs to quadrant a on the map spanned by the first two PCs of the PCA ( Fig. 1 and SI Appendix, Fig. S6 ). These are substances that have relatively low aliphatic and aromatic carbon content. On the other hand, use of DOM that belongs to quadrant c constantly decreases. This DOM has low aliphatic and high aromatic carbon content and includes humic acids from peat, soil, and coal (SI Appendix, Fig. S6) . Finally, the experiments in our database only rarely use DOM that contains high aliphatic and high aromatic carbon content, such as the ones that belong to quadrant d (e.g., sediment humic substances), and high aliphatic and low aromatic carbon content (i.e., marine humic substances in quadrant b).
The increasing focus on group 1 DOM types with similar carbon distribution (predominantly from quadrant a) parallels the decreasing diversity index of both DOM types used and DOM-PM combinations studied, primarily between 2012-2015 ( Fig. 3  A and B) .
Soil DOM is highly heterogeneous and, at the same time, has low prevalence in the experiments (Fig. 3B) . Accordingly, the information regarding the interaction of PM with soil DOM is still scarce. Because there is no "representative" soil DOM (see results of the PCA above), studies on the interaction between soil DOM and PM, for example in pore water, need to account for the heterogeneity of soil DOM, and use DOM extracted from different specific soil types.
Group 2 DOM, which primarily includes isolated and welldefined substances, was used in only 22% of all experiments (211 out of 951 experiments). Group 1 DOM is the major focus of the experimental effort, which confirms previous observations of high prevalence of humic substances as the DOM component in the DOM-PM experiments (26) .
The DOM isolated from environmental media (blue and pink in Fig. 3B ), on the one hand, and DOM in water samples without further processing (yellow in Fig. 3B ), on the other hand, provide two complementary options for studying DOM-PM interactions. With isolated DOM, a deeper mechanistic understanding of the interaction between DOM and PM can be obtained. However, it is not always the case that the synthetic conditions created are environmentally relevant. Water samples, on the other hand, better represent environmental conditions but lack of control of the concentration and properties of the DOM present in a water sample limits the mechanistic understanding of the experimental output (25) . Because these two approaches are complementary (49) , it follows that, when researchers have obtained a mechanistic understanding, their insights could be expanded and corroborated in follow-up experiments with natural-water samples, for example see refs. 50 and 51.
Water-sample DOM types comprise a large number of the overall experiments (Fig. 3B) . In the empirical network, however, water-sample DOM types occupy only a small region in the network (light blue squares in the network shown in SI Appendix, Fig. S5A ). This finding indicates that the large number of experiments that use water samples are investigated in combination with only a small fraction of all PM types present in our database.
Therefore, there is a potential for more diversity through investigation of water-sample DOM with more PM types. However, in these experiments the DOM and also the experimental conditions in general would have to be characterized in a more detailed, more comprehensive, and more systematic way than what is found in many existing studies. Without that, the added value of more experiments with water samples will remain unclear.
For the PM in our database, it is the combinations of coating and core material that need to be investigated to understand the trend in diversity. The initial coating of ENPs strongly influences the interaction of the particles with DOM, which in turn can affect the stability of the ENPs (52) (53) (54) . For this reason, every PM that was reported to have a distinct initial coating is a separate entry in our database. On the other hand, if the authors of an experimental study did not mention the exact PM coating (and if this information could not be found in the material description of the supplier), or the authors explicitly referred to the PM as "bare," we consider this PM as uncoated. Therefore, "uncoated" PM in the empirical network means that a possible initial coating of the PM was not considered as a parameter in the experiments, and therefore the experimental results do not account for the coating's interaction with DOM.
PM types with novel coatings are continuously introduced into the network, which increases the diversity of the PM in the experimental network (because the PM types in our database are distinguished by both their core material and their coating (Fig.  3C, years 2011-2013) or keeps the decrease shallow (years 2014-2015) . However, the diversity of the PM-DOM combinations further decreases (Fig. 3A, years 2012-2015) because the coated PM types are investigated only with a (very) limited number of DOM, as is demonstrated by the network shown in Fig. 4A .
In Fig. 4A , the 45 nodes that correspond to coated PM (orange dots) mainly occupy the periphery of the network, whereas those that correspond to uncoated PM (49 nodes) are mostly central (light blue circle in Fig. 4A ). Particularly, coated PM is studied with significantly fewer DOM counterparts than uncoated PM (Fig. 4B) . When the well studied citrateand poly(vinylpyrrolidone) (PVP)-coated nanosilver as well as citrate-coated nanogold are not considered, the number of times a given coated PM was studied (i.e., number of experiments) is considerably smaller than a given uncoated PM (Fig. 4C) .
We conclude that uncoated materials are often re-studied in combination with different DOM types and possibly varying other medium conditions. However, for coated PM, follow-up experiments with different DOM types are performed only sporadically. As explained earlier, uncoated PM refers to any PM not explicitly described as being coated. The imbalance between the study of coated vs. uncoated PM implies that the role of the initial coating in determining the interaction of a PM with DOM is often not considered. However, ENPs are frequently coated, and, accordingly, coated ENPs are also likely to be released to the environment (52) . Therefore, the underrepresentation of experiments with coated PM in the network indicates that more experiments that explicitly consider the coating of ENPs are needed to sufficiently characterize the interaction of ENPs with DOM.
Finally, in SI Appendix, Fig. S11 , we observe that the network's core, which contains the majority of the uncoated PM, is comprised mostly of recent experiments. Therefore, the low consideration of the effect of initial PM coating on DOM-PM interactions is a current phenomenon.
Conclusions and Recommendations
Over the last 25 y, numerous experiments have been performed that aim to elucidate the effect of DOM on ENPs specifically and PM in general. Still, recent reviews call for additional experiments (25, 26) , and it is important to consider carefully which DOM-PM combinations should be studied in future experiments. Here, the overall objective of the experiments plays an important role. One objective is to investigate the fate of PM in specific environments, such as ENPs in surface water. For experiments with this objective, DOM representative of the environment considered will be used (e.g., river and lake humic acids and fulvic acids for surface water but not Aldrich humic acid, which reflects soil DOM properties; SI Appendix, Fig. S7 ).
Another objective is to mechanistically study the PM-DOM interactions without a focus on a specific environment, but with the aim to improve the general mechanistic understanding of these interactions. For this kind of experiment, a broad range of material properties is needed.
To increase the diversity of materials, researchers can study entirely new materials (i.e., add new nodes to the empirical network) and/or study DOM-PM combinations that were not studied together before (i.e., add new links between existing nodes in the empirical network). For the selection of DOM for new experiments, the PC1-PC2 map in SI Appendix, Figs. S6 and S7 can guide the identification of suitable DOM. In any case, it is imperative that the experiments will be comparable in terms of the materials' characterization to foster the development of both empirical models and a better mechanistic understanding.
The development of a DOM classification based on physicochemical properties and chemical functionality requires a consistent reporting of relevant DOM characteristics (chemical composition, carbon distribution, molecular weight, etc.). In 40% of the publications in our database that use one or more group 1 DOM, there is no information regarding the molecular weight nor the chemical composition nor the carbon distribution for at least one of the group 1 DOM studied. Similarly, less than half of the publications in our database that use DOM from the IHSS report the sample's identifier (SI Appendix, Fig. S1 ). It is essential that the basic characteristics of the DOM used in experiments with PM are reported much more systematically and comprehensively.
What are possible reasons for the observed decrease in diversity? To some extent, the decrease has been caused by the many studies focusing on ENPs in aquatic systems in the last years (which is an intentional focus on an environmentally relevant problem).
In addition, because the experimental field is large and disparate, it is difficult to obtain a comprehensive overview of past experimental achievements. This situation may lead to a lock-in dynamics that reinforces the use of certain DOM-PM combinations and makes other combinations less visible and likely to be studied.
Such a lock-in effect in favor of certain experimental settings or materials is not limited to the field of environmental fate of ENPs. It is known that in science in general an initial focus on certain experimental settings reinforces the use of these settings in the future. For example, in nanomaterial ecotoxicology it has been pointed out that the majority of the ecotoxicological data are confined to, among others, fresh water organisms, although more studies on terrestrial and marine organisms are needed (55) . Another example is the various databases that summarize key properties of ENPs to facilitate ENP risk assessment. These databases often offer information on selected ENP types (e.g., TiO2 and ZnO) but lack the required information on others (e.g., Ag and Fe2O3) (56) . In both examples, the materials and/or experimental settings are criticized as being unrepresentative or too narrow (55, 56) .
This problem is also discussed in a more general way in philosophy of science. Weisberg and Muldoon (57) point out that the ability of a scientific community to discover new knowledge depends on the balance between scientists who use established settings and scientists who apply new approaches to new settings (57) . Our analysis shows how an imbalance between these two approaches can emerge over time.
A network perspective as shown here is useful because in a network the entire experimental field, consisting of diverse experimental settings, can be visualized as a single entity. This visualization provides a graphical summary of the current state of the science, but also a tool for modeling and understanding how the structure of the research field has developed; finally, it helps identify gaps in the body of experiments performed and future research needs. In the context of DOM and PM research, further research should (i) place more emphasis on the initial coating of the PM and its interaction with DOM; (ii) confront results from experiments with isolated DOM against studies with natural water samples; and (iii) strive to increase the diversity of the types of DOM and PM investigated.
Materials and Methods
Publication Search. The empirical network is based on experiments that study the effects and/or interactions of DOM with PM in aquatic media. Experiments that report transport of PM in porous media were included if in addition they studied the DOM effects on the PM in aqueous media. Experiments where the PM is a naturally occurring colloid (e.g., suspended sediment) were not included. Relevant studies published until 2013 were taken from the review by Philippe and Schaumann (26) . Studies between 2013-2015 were obtained from two search queries in SciFinder (58) performed on July 2, 2015 using the keywords (i) colloids and organic matter, yielding 352 results; and (ii) nanoparticles and organic matter, yielding 493 results. The search results were automatically filtered, using a designated R script, and the remaining publications contained in their abstract either one of the (stemmed) keywords: "stability," "aggregation," "adsorption," "sorption," "sedimentation," "coating," "deposition," "mobility," "surface," "disaggregation," and "precipitation."
In a second search (July 12, 2016) additional publications were obtained from two more queries in SciFinder (58): "dissolved organic matter and nanoparticles" and "dissolved organic matter and inorganic colloids," for experimental papers published between 1977-2015. This search resulted in 173 and 58 papers for the first and second query, respectively. Of those, 26 were relevant based on their title and abstract and were not already in our database. A third SciFinder search (December 12, 2016) was carried out for experimental papers published between 1977-2015 using four additional queries: "dissolved organic matter and nanoparticles dissolution," "dissolved organic matter and nanoparticles precipitation," "dissolved organic matter and colloids precipitation," and "dissolved organic matter and colloids dissolution." This search gave 53, 7, 28, and 95 hits for the first to fourth query, respectively. Of those, six were pertinent to our analysis and were not yet in the database. The remaining papers were studied in detail and kept if they report the effect of DOM on PM aggregation/dissolution/precipitation or if they study the coating of PM by DOM in aquatic media.
Types of Studies. Of the 271 publications, 172 investigate, among others, PM aggregation; 45 study, among others, PM dissolution and precipitation; and 58 study only DOM adsorption onto PM surfaces. A full list of publications and the used materials are given in Dataset S1.
PCA. We analyzed the carbon distribution of different DOM types reported in the literature and on the IHSS website (www.humicsubstances.org; accessed November 8, 2016 ). The full list of materials and their properties are given in Dataset S2. Because of the many missing values for different parameters (above), we could not use all DOM types listed in the references.
The publications analyzed here report the carbon distribution as obtained from 13 C-NMR spectra. Different authors sometimes use different regions of the chemical shift to quantify different carbon types such as aliphatic, heteroaliphatic, acetal, aromatic, carboxyl and carbonyl carbon.
To smooth out these differences, we combined smaller integration intervals to larger ranges that account for three basic carbon types: aliphatic carbon (i.e., heteroaliphatic and acetal carbon), aromatic carbon, and carbonyl (also accounts for carboxyl) (International Humic Substances Society and refs. 59 and 60): (i) aliphatic carbon (%), integrated area between 0 and 110 ppm; (ii) aromatic carbon (%), integrated area between 110 and 165 ppm; and (iii) carbonyl carbon, integrated area between 165 and 220 ppm. Next, we performed a PCA (on the scaled database). In short, a PCA finds the set of orthogonal vectors (also called the principal components or, in short, PCs) that define the linear combinations of the parameters that capture the highest variability in the database. Each data point is projected into the respective PC dimension by calculating the linear combination of the parameters, weighted by the respective PC coefficients. The analysis was done using the function princomp in R, and its output is presented in SI Appendix, Annex A.
Empirical Network Construction. From the publications collected a list of all studied DOM-PM combination was extracted and converted to a bipartite network (45) using the igraph package 61, available in R, version 3.3.0 (62). This network has two types of nodes, PM or DOM, and links are only possible between nodes of different types. The network, G, is defined by
where U and V are the sets of all DOM and PM, respectively, and U ⇥ V is the Cartesian product, i.e., the set of all possible links. The set E denotes all DOM-PM combinations studied. The weight of a given link is the number of experiments studying the DOM and PM connected by this link. Links are undirected because they imply the presence of both materials in the corresponding experiments. Coated PM was regarded as a new material (i.e., citrate-coated silver NPs were regarded different from polyvinylpyrrolidone-coated silver NPs) because the coating/surface functionalization has been shown to alter the interaction of the particles with DOM. The broad PM groups are based on chemical composition of the core material. The different types of DOM were categorized according to source (e.g., humic acid from a river or a lake) and physicochemical properties (e.g., anionic and nonionic surfactant). Exceptions included commercial humic acids, often from an unspecified source (63) , which were categorized according to the manufacturer's name (e.g., Aldrich humic acid). For experiments reporting the effects of the total DOM from a given source as well as the different DOM fractions, the entry in the database is for the unfractionated DOM (e.g., different molecular fractions of Suwannee River Natural Organic Matter (64) were given a single node in the network).
Linear Regression on the Diversity Values Between 1990 and 2015. A linear regression line was fitted to the D comb values presented in the section Network evolution between 1990-2015. However, inference of regression parameters by means of ordinary least squares (OLS) requires independence of the error terms (i.e., residuals), which is not the case for the OLS residuals of the D comb values. Rather, they exhibit a serial correlation that can be modeled by an autoregressive (AR) process of order 1. Therefore, the linear regression was carried out using generalized least squares with residuals correlation structure of the respective AR process, using the function gls() from the package nlme (65) in R (62) . The resulting regression line is given by D comb = 0.807 0.00893 · t (t: years from 1 to 25).
[4]
The 95% confidence interval for the slope is [ 0.0133 0.00455]. 
